Introduction: A composite index (or simply an index) is constructed with an objective to obtain a synoptic or comprehensive single number, representing a vast array of measurements on the multiple aspects of a 'conceptual entity' such as general price level, cost of living, level of economic development and regional disparities (Adelman and Morris, 1967; Pal, 1975; Mishra and Chopra, 1978; Mishra and Gaikwad, 1979) , quality of life (Mishra and Ngullie, 2003) , human development (Cahill and Sánchez, 2001; OECD, 2003; Jahan, 2005) , status of social well being (Salzman, 2003 ), etc. Following Saltelli (2007 , Michalos et al. (2006) , , Booysen (2002) and Michalos (1980) the list of advantages of composite indices (enlisted by Michalos et al. 2006 ) may me presented as follows:
A single composite index yielding a single numerical value is an excellent communications tool for use with practically any constituency, including the news media, general public, and elected and un-elected key decision-makers Such indices provide simple targets facilitating the focus of attention The simplicity of a composite index facilitates necessary negotiations about its practical value and usefulness Reduced transaction costs of negotiations with such indicators increase the latter's efficiency and effectiveness, probably leading to the development of better policies and programs Such indices provide a means to simplifying complex, multi-dimensional phenomena and measures They make it easier to measure and visually represent overall trends in several distinct indicators over time and/or across geographic regions Increase in the ease of measuring and representing trends increases our ability to predict and possibly manage future trends They provide a means of comparing diverse phenomena and assessing their relative importance, status or standing on the basis of some common scale of measurement, across time and space.
Such composite indices are often a weighted linear combination of a host of variables that may be symbolically expressed as I=Xw, where X is an n m × matrix of measurements in n rows (cases) and m columns (variables), w is a column vector of m elements and, therefore, I is a column vector of n index values, one for each case, summarizing all variables for the case concerned. Alternatively, it may be expressed as 
∑
There are two approaches to determining w or weights; first by assessing the importance of different variables with regard to the entity, idea or concept that they measure (Munda and Nardo, 2005) and secondly by obtaining those weights intrinsically. In the first case the weights are obtained from extraneous information. They might be based on the expert opinion or some other data, say, Y. However, in the second case, weights are derived (on some theoretical considerations -often mathematical) from the data (X) itself.
The Principal Components Analysis (PCA) is perhaps the most-used method to obtain weights intrinsically. The PCA determines weights of different variables such that the sum of the squared coefficients of (the product moment) correlation between the index (I) and the variables (X) is maximized. If we denote by r(I, x j ) the coefficient of correlation between I and x j , then the PCA weights are obtained such that
The PCA has excellent mathematically desirable properties (Kendall and Stuart, 1968) . Among those, the most important property is that the index so obtained relates to the first principal component, which explains the largest part of variation in the constituent variables (X). Secondly, from the residual, one may obtain the subsequent indices that are orthogonal to the first index (as well as to other indices so derived). These indices together explain the variations in the data (X) completely.
However, the PCA has only one objective: to construct an orthogonal index that explains the largest portion of variation in the constituent variables. This is obtained by maximizing the sum of the squared coefficient of correlation coefficients between the index (I) and the variables (X). In so doing, the PCA is not concerned with the question as to which particular variables obtain large or small weights, or which variables are only poorly represented by the index, etc. As a result what happens in practice is that when a group of variables is poorly correlated with others in the entire data set, the PCA index assigns very small loadings to some and larger loadings to the other variables if such loadings help in maximizing the sum of the squared correlation coefficients between the index (I) and the variables (X). Consequently, PCA loadings are highly elitist -preferring highly correlated variables to poorly correlated variables, irrespective of the (possible) contextual importance of the latter set of variables. On many occasions it is found that some (evidently) very important variables are roughly dealt with by the PCA simply because those variables exhibited widely distributed scatter or they failed to fall within a narrow band around a straight line. Further, although the PCA may permit construction of the subsequent indices (orthogonal to the first leading index), it may not be possible to use them for any comprehensive analysis since there is no dependable procedure to make an index by merging several principal component indices derived from the data (X).
It is not unusual, therefore, that the PCA performs poorly at constructing comprehensive indices from the variables especially if the data pertain to a system that has not evolved sufficiently (fully) such that everything determines everything else (and thus the variable drawn from the system are highly inter-correlated). It is well known that underdeveloped economies characterize underdeveloped intra-systemic interdependence as well as underdeveloped data recording mechanism. Therefore, variables drawn from an underdeveloped system exhibit widely distributed scatters and poor inter-correlations among different measurements. The elitist approach of the PCA therefore does not suit to the underdeveloped systems.
Apart from this, data may contain outliers. Those outliers may pull down (or up) correlation coefficients of the one set of variables with the rest others and thus affect the index unpredictably. The variables favored or disfavored by the PCA may obtain entirely unwarranted weights. It could have been proper in such condition to use the absolute analog of the product moment correlation coefficient suggested by Bradley (1985) who showed that if ( , ) , 1, 2,..., (
, both of which conditions may be met by any pair of variables when suitably transformed, the absolute correlation may then be defined as
. However, it is a moot question whether the PCA can be carried out on the intercorrelation matrices containing a row (column) of absolute correlation coefficients while the other rows (columns) contain the product moment correlation coefficients.
Alternative Methods for Deriving Objective Weights:
To draw more attention to the representation of each variable correlated strongly or weakly with the other fellow variables in the data to be used for construction of an index, albeit with some compromise on the explanatory power of the index regarding variation in the data (X), Mishra (2007) proposed two methods. The first, (I 1 ), maximizes the sum of absolute correlation coefficients of the index with the constituent variables and the second, (I M ), maximizes the minimal correlation coefficient of the index with the constituent variables. It was shown that I 1 improves the representation of weakly correlated variables while I M has a tendency to be almost equally correlated with most of the constituent variables in which the weakly correlated variables have a secure representation. These two types of index were called 'inclusive' and 'egalitarian' respectively. It was also shown that the inclusive index (I 1 ) has an explanatory power only slightly less than the PCA index (I 2 ), which is clearly due to a trade-off between individual representation and overall representation or explanatory power. However, the egalitarian index (I M ) has much larger trade-off.
The Objectives of this Paper:
In this paper we further inquire if inclusive indices (I 1 ) improve the representation of weakly correlated variables while the egalitarian indices (I M ) are almost equally correlated with most of the constituent variables. We also introduce a new index that, in some sense, maximizes an analogue of entropy in the data used for constructing the index. If we define The Computational Aspects: For obtaining the PCA indices one may apply the usual procedure (available in many software packages such as STATISTICA or SPSS). The procedure runs as follows. First, the (product moment) correlation matrix, m m R × is obtained from the data on X =(x 1 , x 2 ,…,x m ). Then the largest (first) eigenvalue ( λ ) and the associated eigenvector ( v ) of R are obtained and the eigenvector is standardized such that its squared Euclidean norm is equal to the eigenvalue. This standardized eigenvector (call it * v ) is used to obtain * * 2
, where * X is obtained from X such that each variable has zero mean and unit standard deviation. In some cases, however, the eigenvector is standardized such that its Euclidean norm is equal to unity. These alternative schemes of standardization of the eigenvector only differ as to the scale of the index (I 2 ), but its correlation coefficients with the constituent variables remain unaltered. If one desires, the index can have non-zero mean as well and this can be done by a suitable transformation of the zero-mean index (I 2 ), without any effect on its correlation structure.
Alternatively, one may maximize as the vector of decision variables. Although this direct optimization method has seldom been used to construct an index, it has flexibility and generality while the matrix method is specific but (possibly) simpler.
The flexibility of the direct optimization method is very handy when we need I 1 , I M or I E type of index. We obtain 
∑ ∑
We have optimized the functions by direct non-linear programming for which we use the Differential Evolution method (Mishra, 2006-a) . Particle Swarm optimization (Mishra, 2006-b) also yields equally good results (not presented here to avoid duplication).
The Main Findings:
We have used four sets of eight variables to construct indices. Among these sets, the first has the variables that correlate highly among themselves (Table-I.A). The other three sets contain some variables that correlate highly with some of their fellow variables, but they correlate only poorly with the others (Tables II.A First, we find that when all the variables are highly correlated among themselves, I 2 , I 1 and I E are very close to each other (see Tables-I.B, I .C, I.D and the Fig.-I) . However, when the set contains some poorly correlated variables, I 2 differs from I 1 (as well as I E ). Interestingly, I 1 and I E are very close to each other irrespective of the pair-wise correlations among the constituent variables. Yet, I E has shown a leaning towards I 2 [see Tables in II, III and IV Secondly, I 1 (as well as I E ) has always alleviated the correlation between the index and the constituent variables that were poorly dealt with by the PCA I 2 . For instance, the variables x 5 and x 6 obtained correlation coefficients -0.17 and 0.38 with I 2 , which were alleviated to the values -0.37 and 0.47 by I 1 (see Table- II.D). The trade off for this was a decline in the SSR from 3.638772 (of I 2 ) to 3.47997 (of I 1 ), which is about 1.985 percent of the total variation in the data. For the third set of data the decline in explanatory power was about 2.1 percent (of the total) for alleviating the correlation (representation) of three variables, x 4 , x 6 , and x 8 (see Table- III.D). For the fourth set of data, correlation coefficients of five variables, x 3 , x 4 , x 6 , x 7 and x 8 were alleviated (see Table IV .D) for a trade-off of a decline in the explanatory power by 2.178 percent. From these observations it is clear that I 1 alleviates representation of poorly correlated variables for only a small trade-off of the overall explanatory power of the index.
Thirdly, a perusal of While all indices are ordered in accordance with I 2 arranged in an ascending order (increasing monotonically), the non-monotonic movements of I 1 , I E and I M indicate to changes in the rank order suggested by the PCA I 2 . Especially, the ranking of cases by the I M index is highly volatile.
Concluding Remarks: Construction of (composite) indices by the PCA is very common, but this method has a preference for highly correlated variables to the poorly correlated variables in the data set. Very often it fails to represent the poorly correlated variables. However, poor correlation does not entail the marginal importance, since correlation coefficients among the variables depend, apart from their linearity, also on their scatter, presence or absence of outliers, level of evolution of a system and intra-systemic integration among the different constituents of the system. Under-evolved systems often throw up the data with poorly correlated variables. If an index gives only marginal representation to the poorly correlated variables, it is elitist. The PCA index is often elitist, particularly for an under-evolved system.
In this paper we considered three alternative indices that determine weights given to different constituent variables on the principles different from the PCA. Two of the proposed indices, the one that maximizes the sum of absolute correlation coefficient of the index with the constituent variables and the other that maximizes the entropy-like function of the correlation coefficients between the index and the constituent variables are found to be very close to each other. These indices alleviate the representation of poorly correlated variables for some small reduction in the overall explanatory power (vis-à-vis the PCA index). These indices are inclusive in nature, caring for the representation of the poorly correlated variables. The third index obtained by maximization of the minimal correlation between the index and the constituent variables cares most for the least correlated variable and in so doing becomes egalitarian in nature.
It appears that neither the PCA index nor the egalitarian index can be fully justified. It is more likely that the inclusive indices (I 1 and I E ) that strike a balance between individual representation and overall representation (explanatory power) would perform better in real life. Nevertheless, it is dependent on the analyst how to choose among the different indices. Off-Diagonal Entries in the Red are Significant at 5% Probability Off-Diagonal Entries in the Red are Significant at 5% Probability 
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